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1．IntroduCtion
Forovertwodecadeshedgefimdshavebeenibcusedtheworld'sattentionontheirtremendousgrowth.At
thesametime,theintemationalfinancialcommunityhasexpressedseriousconcemaboutwhethertheyhave
playedacrucialroleintriggeringfinancialcrises.Theyhavealsobeenattractingtheattentionofinstitutional
investorssuchaspensionfimdssincethelTbubbleburstin2003.Oneofthemainreasonsfbrsuchinterest
stemsfromthepeculiarperfbnnancecharacteristicsofthehedgefimdsector.Hedgefimdmanagersemploy
廿equentlydynamictradingstrategiesinvoIvingshortsales,leverageandderivatives,andthus,theytendto
generateretumslessuncorrelatedtothoseofmarketbenchmarkreturns.
Hedgefilndsarenowm"ormarketparticipantsandtheyarenolongerpreceivedasmavericksinglobal
financialmarkets.Theirdynamic,multi-facetedinvestmentstrategieshavenowpenetratedpublicallytraded
ETFs.Investablehedgefilndindicesarereallyregardedasthedisguiseoffilndsofhedgefimds(Jaeger
[20081).Forexample,investablehedgefimdindicestrackingtheperfbnnancesoftheirstrategiesareusedas
"index''filnds,whosepurposeirhedgefilndreplication''ibrinstitutionalinvestors.Replicatinghedgefimd
retumsmeansreplicatingtheirreturnsourcesandcorrespondingriskexposuresbasedontheirstrategies.
The20086nancialcrisishassignificantlydecreasedtheretumsofmosthedgefimdstrategies.Manymarket
participantsinthehedgefimdindustryrealizedthereisnosafeplacefbrinvestorstoavoidsystematicrisk,
andquestionedwhetherdiversificationacrosshedgefilndsasanalternativeinvestmentisreallyasbeneficial
astheyintended.Therefbre,investorswhoaimtoputmoneyintoinvestablehedgefimdindicesmust
understandtheirreturnsourcestoachievereplication.
Univariatetime-seriesdataofhedgefimdretumsthemselvesexhibitpeculiarcharacteristicsofnon-
nonnaldistributionsuchasheavy-tailedandskeweddistribution,andvolatilityclustering.Vblatilityisone
ofthemostimportantconceptsoffinance.Itisoffenregardedasameasureoffinancialrisk,calculatedby
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thevarianceorstandarddeviationofanasset'sremm.Itiswellknownthattherearesomeperiodsofhigh
volatilityandotherperiodsoflowvolatilityofassetreturnsinfinancialmarkets.Volatilityclusteringimplies
thatvolatilityshockstodaywillinnuencetheexpectationofvolatilitymanyperiodsinthefilture.This
phenomenonrequiresanalyststodescribereturnsandvolatilitythatarenonlinear.
Volatilityisnotdirectlyobservableinthefinancialmarket,suchasinstockprices.Itisdescribedasa
parameterofthestochasticprocessesthatisappliedtomodelvariationsinfinancialassetprices.Itisonly
quantifiableinthecontextofamodel,andthus,theresultsoftheestimatescanbequitedifferentdepending
onthemodelandonthemarketconditions.Manystudieshavearguedthatnonlinearprocessesmodelthe
volatilitybehaviorofhedgefilndstrategiesbetter(Fiiss,R.,D.G.KaiserandZ.Adams[2007],Blazsek,S.
andA.Downarowicz[2011],DelBrio,EB.,A.Mora-ValenciaandJ.Perote[2014],Tbulon,F.,K.Guesmi
andS.Jebri[2014]).Inthecontextofportfbliodiversification,includinghedgefilnds,precisevolatility
modelingofhedgefimdretumsmayhelpinstitutionalinvestorstoevaluatethefiltureriskofhedgefilnd
portlblioandareusefilltodetenninemarkettimingandcontroltherisklimit.
Thepurposeofthispaperistoexaminetheconditionalvolatilitycharacteristicsofdailymanagement
hedgefUndindexretumsandconstructanARMA-GARCHtypemodeling・Thispaperwilllimititselfto
theunivariatetime-seriesanalysisofhedgefilndreturnsalthoughtheissuesstudiedherewillbesimilar
inmultivariateanalysis.Ifbcusontheconstructionofnonlineartime-seriesmodelsthatcanbeusefillfbr
describingpersistenceandvolatilityofhedgefilndindexreturns.Thispaperisorganizedasfbllows.Section
2describesfburmainhedgefimdstrategiesandsummarizestheempiricalpropertiesoftheirreturnseries
usedinthisstudy.Section3reviewsARMAmodelingandpresentstheestimationresultsanddiagnostic
checking・InSection4,GARCHmodelingisintroducedanddiscussestheresults.Someconcludingremarks
areofferedinthe6nalsection.
2．HedgeFundStrategiesandDataDescription
Inthispaper,fburprincipalhedgefimdstrategiesindices(EquityHedge,EventDriven,Macro/CTA,and
RelativeValueArbitrageintheHFRXGlobalHedgeFundlndex)areinvestigated.Dataaredailyandspan
theperiodMarch31,2003toAugustll,2014.ThedataofhedgefimdindicesisobtainedfiomtheHedge
FundResearchlnc.(hereafierHFR).TheHFRXGIobalHedgeFundlndexisdesignedtoberepresentative
oftheoverallcompositionofthehedgehlnduniverseandtobeinvestable.')Itiscomprisedofalleligible
l)HFRXHedgeFundIndicesaretheglobalindustrystandardfbrperfbnnancemeasurementacrossallaspectsofthe
hedgefimdindustry.Constituentsofallindicesareselected廿omaneligiblepoolofthemorethan6,800hmdsthat
reportoftheHFRDatabase.MoredetailedstrategydescriptionscanbeseeninHedgeFundResearch{2014],HFRX
He唯e”"‘"""ces:D醜"edFor〃"/α/cMe/ﾙo伽/ogy<www.hedgefimdresearch.com>.
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Figurel:FourHedgeFundIndexReturnsfromAprill,2003toAuguStll,2014
(a)EquityHedge:mdexvalue (b)EventDriven:mdexvalue
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(c)Macro/CTA:mdexvalue (d)RelativeValueArbitrage:mdexvalue
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Ⅱ間blel:SummaryStatisticsofHedgeFundIndexReturns
Aprill,2003toAugustll,2014
Jarque
-Bera
Mean STDSkewnessKurtosisDailyReturn No.Obs
HFRXGlobalHedgeFundlndex
EquityHedge
EventDriven
Macro/CTA
RelativeValueArbitrage
4162.9r*
17919.96***
7300.02…
180971.40***
0.0052
0.0171
0.0039
0.0065
0.4066
0.2959
0.4081
0.2712
-0.8442
-1.1558
-l.0193
-l.7268
8.6599
15.0343
10.5510
41.7891
?????????
Source:Author'scalculations,basedondata廿omHedgeFundResearch.
Notes:TheJarque-BeranonnalitytestisasymptoticallydistributedasacentralX]with2degreesoffi･eedomunder
thenullhypothesis,withlO%,5%andl%criticalvalues.*,**,***denotesignificanceatthelO%,5%,andl%levels,
respectively.
Second,allhedgefmdremmdistributionsarenegativelyskewed.Negativeskewnessmeansthatthelefttail
isparticularlyextreme.ltindicatesthatlargenegativereturnsaremoreprobablethanlargepositiveones.
Negativeskewnessandleptokurtosisareunattractivefeaturesfbrrisk-averseinvestors.
Thestatisticalpropertiesofnon-normallydistributedhedgefimdindexretumsposedifficultproblemsfbr
measuringrisk・Thestandarddeviationsimplyaveragedailyvolatilities,ofienusedasariskmeasurement.
However,itcanonlybeappropriatefbrariskiftheobservedreturnsarenonnallydistributed・Traditional
riskmanagementbasedonthemean-varianceapproachonlytakestwoparameters-meanremmandretum
variance(and/orstandarddeviation)-intoaccounttospecifytherisk-remmpro61eoftheinvestor'sportfblio.
Iftheretumsarenonnallydistributed,the6rsttwomomentsofthedistributionsareenoughtocharacterize
theirrisk-returnprofile.However,inthecaseofnon-normallydistributedretums,skewnessandkurtosis
mightplayasignificantroleonriskperceptionfbrinvestors.AsisevidencedbytheirsignificantJB-test
statistics,itseemsappropriatetoconcludethatallhedgefimdindexretumsarenotnonnallydistributed.
3．ARMAModeling:LinearStructureinUnivariateTimeSeries
Theunivariatetime-seriesofourinterestisthehedgeiimdindexvaluePtattime/.Anytime-seriesdata,
Ptsuchasfinancialassetpricescanbethoughtofasrandomvariableshavingbeengeneratedbyastochastic
process.Aconcretesetofdata,Pt,Pt+1,Pt+2,･･･canberegardedasaparticularrealizationoftheunderlying
stochasticprocess(i.e.thevaluesofarandomvariables).
Intimeseriesregression,theideathathistoricalrelationships(i.e.thefiltureislikethepast)canbe
generalizedtothefiltureisfbrmalizedbytheconceptofstationarity.ThepercCptionthatthefilturewillbe
likethepastisanimportantassumptionintimeseriesregression,somuchsothatitisgivenitsownname,
stationarity''.ltiswellknownthat,inmosthnancialtimeseries,pricesarenon-stationarywhilethereturns
66
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arestationary・Toconfinnthisfbrfburhedgefimdindexreturns,theunitroottestsareusedindetecting
whetherthereturnsseriesarestationaryornonstationary.Accordingtotheunitroottests(theaugumented
Dicky-FullertestandthePhillip-Perrontest)fbrthenullhypothesisthattheserieshasaunitroot(i.e・itis
nonstationary),allindexreturnscan呵ectthenullhypothesisfbrsignificanceat99%confidencelevels,
whichmeansstationarityfbrthoseseries.2)
Withtime-seriesdata,itislikelythattheobservationswillbecorrelatedovertimebecausetheobservation
attime/istheconsequencesofeconomicactionsordecisionstakenattime/,butalsoattimer+1、/+2,andso
on.AsshowninFigure2,theseeffectsdonotoccurinstantaneouslybutarespreadoverfilturetimeperiods.
Apopularmethodofmodelingstationarytimeseriesistheautoregressivemovingaverage(ARMA)
methodwhichassemblestwoseparatetools(ARtennsandMAtenns)fbrmodelingtheserialcorrelation
inthelaggeddependentvariableandinthedisturbance・Itcanbesayingthatthedependentvariable7fin
oneperiodwilldependonwhatitwasinthepastperiods,7t_1,7f_2,…,whichisthepersistenceofhedge
filndperfbnnanceovervarioustimeintervals・Anotherwayofmodelingthecontinuingimpactofchange
overseveralperiodsisviatheerrorterm,whichrepresentsthecompositionofallfactors(apart廿omthe
independentvariables)thatinHuencethebehaviorofthedependentvariable.Thebehaviorofthesefactorsin
thecurrenttimeperiodmightbequitesimilartotheirbehaviorintheprevioustimeperiodandsuggeststhe
possibilityofsomecorrelationbetweenerrorsclosetogetherintime.
Inthissection,thesetwowaysinwhichdynamicscanenterregressionrelationship-laggedvaluesofthe
dependentvariable(ARtenns),andlaggedvaluesoftheerrortenn(MAterms)areconsidered.
First,considertheunconditionalmomentsofthereturnprocess.Themeanllisdefinedas
l '=E[7t](l)
whereE[･]denotestheexpectationoperatorandtheexpectedvalueoftheretum(i.e.theexpectedremrn)EM.
Thevarianceof7tisameasureofdispersioninthepossiblevaluesfbr7t,denotedasvar(7t),isdefinedas
〃αγ[7t]=EI7t-u]2=02 （2）
whereitssquarerootoisthestandarddeviationof7t,whichiscalledvolatilityandameasureofrisk.
Ingeneral,thereturnonanyasset7tcanbedividedintotwoparts:theexpectedpartsoftheremrnEMand
theunexpectedpartofthereturnEt.
7t=EM+Et （3）
7t=仙+Et （4）
2)ThedistributiontheorysupportingtheDickey-Fullertestassumesthatthedisturbancetennsareuncorrelatedand
homogeneous.TheaugumentedDickey-FullertestallowsthedismrbancetermsarecorrelatedbUtstillassumetobe
homogeneous.Moreover,thePhillip-Perrontestallowsthedismrbancetennstobecorrelatedandheterogeneously
distributed.SeeEnders[1995],p.239.
－206－
PersistenceandVolatilityofHedgeFundRemms:ARMA-GARCHModeling
Figure2:TheDistributedLagEffect
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Source:Author'scompilationbasedonGri価ths,HillandLim[20081,p.227
whereEt,isknownasthedismrbance,orerrortenn.
Theerrortennisarandomvariablethathastheprobabilisticpropertieswithzeromean,constantvariance
andseriallyunco汀elated.Sucherrortenniscalledawhitenoiseerrortenn,whichisde6nedby
E[Et]=0 （5）
E[E訂＝ぴ2 （6）
E[EtEs]=0 fors≠t、 （7）
Inthecontextoffinancialanalysis,theerrorsEtareoftenconsideredas"shocks''or(.news''.Theyrepresent
unexpectedfactors.Then,equation(3)impliesthatanobservedtimeseriesrtisrelatedtoanunderlying
sequenceofshocksEt.
Thepredictablecomponentof7tisofienfbnnulatedasanautoregressiveprocesssinceatimeseriesvariable
oftenrelatestoitspastvaluesinmanycases.
好＝01好－1＋02好－2＋…+Op7t-p+Et, t=1,…，、 （8）
'f=Ef,wt-p+g （9）
whereO,,…,0parethevaluesoftheparameterswhichmeasuretheimpactofthepreviousretum,lies
between-ltol.Thissimplemodeliscalledanautoregressivemodeloforderp.
TheMApartofthemodelreferstothestrucmreoftheerrortenn.Thefirst-ordermovingaveragemodel,
MA(1),is
7t=ll+Et+91Et-1 （10）
whereO,scalestheinHuenceofthewhitenoiseprocess.
TheMA(9)processcanbewrittenas
好＝u＋Et＋e1Et-1+82Et-2+…+eqEt-q (ll)
Equation(11)statesthatamovingaveragemodelissimplyalinearconditionofwhitenoiseprocess.Inother
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words,7tdependsonthecurrentandpreviousvaluesofawhitenoiseerrortenn.Moreconcisely,
yt=''+21=,eist-j (12)
BycombiningtheAR(p)andMA(9)models,anARMA(p,9)modelisobtainedasfbllows.
7I=ll+0,好－1+027t-2+…+Op7t-p+Et+9'Et-'+92Et-2+…+99Et-9 (13)
Equation(13)statesthatthecurrentvalueofremmsseries7fdependslinearlyonitsownperviousvaluesplus
acombinationofcurrentandpreviousvaluesofawhitenoiseerrortenns.Namely;theautoregressiveand
movingaveragespecificationscanbecombinedtofbnnanARMAtl,9)model.
Modelidentification
ThestrategyofanappropriateARMAmodelselectionissystematic,i.e.theso-calledBox-Jenkins
approach.Thisapproachtakesthreesteps:identification,estimationanddiagnosticchecking.
ThefirststepofbuildinganARMAmodelistoidentifytheorderofthemodelrequiredtocapturethe
featuresofdatageneratingprocess.ItistodetenninetheappropriateARandMAorderspand9.Acentral
concernofthisapproachistospecifyfbrthepredictablepartasaconstant"andmeasuretheerrortennEt,
whichisthedifferenceoftheseries廿omitsmean好一βasshowninequations(4).
Identificationofthestructureinthedataiscarriedoutbylookingattheautocorrelationandpartial
autocorrelationcoefficientsafierplottingthedataovertime.Autocorrelationisthecorrelationofaseries
withitsownlaggedvalues・Whentheobservationsindifferenttimeperiodsarecorrelated,itissaidthat
autocorrelationexists.Thecoefficientofcorrelationbetweentheobservationsattwoadjacentperiodsis
calledtheautocorrelationcoefficient.Thble2displaystheautocorrelationfimction(ACF)ofthehedgefUnd
indexretums.Theestimatedautocorrelationcoefficientsfbrlaglto20togetherwiththeI_jung-Box(LB)
statisticswithfive,tenandtwentyautocorrelationsarereported・Atfirstglance,theACFofthereturnseries
showthatthereisaslightlyautoregressivestructureinthedata・Inparticular,RelativeValueArbitrageshows
highlysignificantautocorrelationsoveralllags.Thus,itseemsthateitheranARoramixedARMAprocess
mightbeappropriatefbrmodelingthesedata.Infact,itisnoteasytopreciselydetenninetheappropriatelag
ordergiventheseestimatesatthisstage.
Itispossibletotestthejointhypothesisthatallofthefirst"I(=maximumlaglength)autocorrelation
coefficientsaresimultaneouslyOointly)equaltozero("0:P,=P,=…=Pm=0).Q-statisticsisthe
LjungandBoxstatisticofACF(LB-Q),representedinthebottompartofThble2.Theremmsoffburindices
exceptingfbrRelativeValueArbitragedonotshowhighautocorrelationcoeffIcients,butsomeofthemare
stillhighlysigni6cantat95%confidencelevel・SincethefirstACFcoefficientsofallremmsseriesarehighly
significant,theLiung-Boxjointteststatistic呵ectsthenullhypothesisofnoautocorrelationatthel%level.
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ACF
Lag(1)
Lag(2)
Lag(3)
Lag(4)
Lag(5)
Lag(6)
Lag(7)
Lag(8)
Lag(9)
Lag(10)
Lag(ll)
Lag(12)
Lag(13)
Lag(14)
Lag(15)
Lag(16)
Lag(17)
Lag(18)
Lag(19)
Lag(20)
LB-Q(5)
LB-Q(10)
LB-Q(20)
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Table2:Autocorrelations
EquityHedge EventDriven Macro/CTA
0.154
＊＊＊
0.108
＊＊＊
0.104
＊＊＊
0.027 0.060
＊＊＊
0.031
0.031＊ 0.078
＊＊＊
0.034
0.013 0.016 0.040*＊
-0.014 0.066
＊＊＊
-0.004
-0.017 0．006 -0.017
0.017 0.022 0.009
0.021 0.039
＊＊
0.028
0.028 0.例9
＊＊＊
0.013
0.050
＊＊＊
0.032 0.031
0.001 0.018 0.001
0.021 0.058
＊＊＊
0.028
0.021 0.024 0.016
0.005 0.038
＊＊
0.024
0.006 0.024 -0.002
0.067
＊＊＊
0.084
＊＊＊
0.000
0.027 0.035 -0.021
-0.047
＊＊
-0.024 -0.009
0.039
＊＊
0.015 0.052
＊＊＊
0.018 0.024 -0.013
73.658
＊＊＊
74.326
＊＊＊
41.358
＊本＊
85.902
＊＊＊
89.994
＊＊＊
47.886
＊＊＊
115.3
＊＊＊
135.61
＊＊＊
62.409
＊＊＊
RelativeValue
Arbitrage
0.195
＊＊＊
0.107
＊＊＊
0.124
＊＊＊
0.125
＊＊＊
0.094
＊＊＊
0.071
＊＊＊
0.100
＊＊＊
0.092
＊＊＊
0.105
＊＊＊
0.094
＊＊＊
0.041
＊＊
0.172
＊＊＊
0.151
＊＊＊
0.069
＊＊＊
0.140
＊＊＊
0.175
＊＊＊
0.117
＊＊＊
0.054
＊＊＊
0.070
＊＊＊
0.074＊＊＊
255.97
＊＊＊
380.05
＊＊＊
771.68
＊＊＊
Source:Author'scalculations,basedondata廿omHedgeFundResearch
Note:Thesignificancetestsfbrtheautocorrelationcoefficientscanbeconstructedbyanon-呵ectionregionfbranestimated
autocorrelationcoeificienttodetenninewhetheritissignificantlydiiTerentfiomzero.Undertheassumptionthat
remrnsarenonnallydistributed,confidenceintervalsibrthecorrelationscanbeconstructed.
ForasamplesizeofT,acoIXglationcoeUlCientisdefined4sstatisticallysignificantatthelO%,5%andl%levels
wouldbegivenbyil.65/､/7,±1.96/､/Tandi2.58/､/T,respectiveiy.X,**and***denotesignificanceatthe
10%,5%,andl%levels,respectively.
Awayofdecidingontheappropriatemodelordersistouseaninfbnnationcriterion.Therearetwo
popularinfbrmationcriteria:Akaikeinfbrmationcriterion(AIC)andSchwarz's(Bayesian)infbrmation
criterion(SIC).3)Theapproachtochoosingnumbersoflags,p,9,inARMAmodelistoestimatethemby
3)Thesecriteriacomparethein-samplefit,whichismeasuredbytheresidualvarianceg2,againstthenumberof
estimatedparametersk.Inmoredetailedexplanationabouttheseinfbnnationcriteria,seeFransesandvanDijik[20001,
p.38andBrooks[2008],p.233.
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minimizinginfbnnationcriteria.
LetTandkdenotethesamplesizeandthetotalnumberofparametersintheARMA(p,9)model,thatis,"
=p+9+1.First,AICiscomputedas
AIC(k)=Tln62+2X
=ln62+ZL (14)
T
where62=1/TZIE,¥withfttheresiduals廿omtheARMAmodel.
Second,SICiscomputedas
SIC(k)=Tln62+"〃T
=ln62+と伽T (15)
T
ThedifferencebetweentheAICandtheSICisthesecondtenn."lnT''ofthesecondtennintheSICis
replacedby@@2''intheAICBecauselnT>2fbrT>8,theSICpenalizesadditionalparametersmoreheavily
thantheAIC.Forexample,fbrthe2864observationsofthereturnsseriesunderinvestigationusedto
estimatetheARMAmodeling,ln(7)=ln(2864)=7.960,sothesecondtermfbrtheSICisalmostfburtimes
aslargethetenninAIC.Therefbre,themodelorderselectedbytheSICislikelytobesmallerthanthat
selectedbytheAIC.
Anaturalquestiontoaskofanyestimatedmodelis:WhichcriterionshouldbepreferredifAICand
S'Csuggestdifferentmodelorders？ThePrincipleofparsimonyisbasedontheBox-Jenkinsapproach，A
parsimoniousmodelisthemodelthatdescribesallofthefeamresofdataofinterestusingasfewparameters
(i.e.assimpleamodel)aspossible.4)Itfitsthedatawellwithoutincomoratinganyneedlesscoefficients.In
largesamples,theAICwilloverestimatethenumberoflagswithnonzeroprobabilitysincethesecondtenn
isnotlargeenoughtoensurethatthecorrectlaglengthischosen,sotheAICestimatorisnotconsistent､5）
Ontheotherhand,theimprovementinfitcausedbyincreasingtheARand/orMAordersneedstobequite
substantialfbrtheSICtofavoramoreelaboratemodel.FransesandvanDijk[2000]pointoutthatin
practice,theSICprefersveryparsimoniousmodels,containingonlyfewparameters.
Parameterestlmatlonandresidualdiagnost】Cs
ARMAmodelingofunivariatetime-seriesdataisnotbasedonanyeconomicorfinancialtheory.The
pulposeofconstructingthesemodelsistocapturerelevantfeamresoftheobserveddataunderconsideration.
4)Aparsimoniousmodelisdesirablesincetheresidualsumofsquaresisinverselyproportionaltothenumberofdegree
of廿eedom.Amodelthatcontainsirrelevantlagsofthevariableoroftheerrortenn(andtherefbreunnecessary
parameters)willusuallyleadtoincreasedcoeHicientstandarderrors,implyingthatitwillbemorediHiculttofind
significantrelationshipsinthedata.SeeEnders[1995]p.95.andBrooks,[2008],pp.231-232.
5)StockandWatson[2012]explainthedetailsofthispoint,inAppendixl4.5."ConsistencyoftheBICLagLength
Estimator"(pp.623-624).
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Thus,theestimatedoutputofanARMAmodelmaybebettertounderstandtheplausibilityofthemodelasa
wholeandtodetenninewhetheritexhibitsthepropertiesofthedatawell,andconsequentlyprovidesaccurate
fbrecasts.
Table3showstheestimatedARMAprocessfbrfburindexremmsselectedbytheSICcriterion.Foran
ARMAmodel,asetofstatisticsoftheestimatedARandMAparametersaretheserialco汀elationcoefficients
ofthelaggeddependentanddisturbancevariables,inwhichthevaluesliesbetween-1(extremenegative
serialcorrelation)and+1(extremepositiveserialcorrelation).
BefbreapplyingtheselectedARMAmodelsfbrindexretumsseries,itisnecessarytolookfbrsigns
ofmodelmisspecification.HeretheprocedurefbrtestingtheadequacyofanestimatedARMAmodel
istoinvestigatewhethertheestimatedresidualseriesStisapproximatelywhitenoise.Firstofall,itis
particularlyimportantthattheresidualsfomanestimatedmodelbeseriallyuncorrelated・Anyevidence
ofautocorrelationimpliesasystematicmovementinthesequenceof庇thatisnotaccountedfbrbythe
ARMAcoefficientsincludedinthemodel.Inthecaseofgivenmodeladequacy,theerrortennwouldbe
awhitenoiseprocesswithnoautocorrelationasshowninequation(7).Therefbre,afierfIttingcandidate
ARMAspecifications,weshouldverifythatthereisnoautocorrelationintheresidualsofthemodels.So,I
beginbyexaminingwhetherornotthereareautocorrelationintheerrortennofanestimatedARMAmodel.
Autocorrelationdiagnostictestsfbrtheresidualswerecomputedtochecktheadequacyoftheestimated
ARMAmodelsbyusingtheBreusch-GodfieyserialcorrelationLMtestfbrhigherorderARMAerrors.
Thenullhypothesisisthatthereisnoserialcorrelationuptotherthorder.6)Inotherwords,theerrorsare
uncorrelatedwithoneanother.TheobservedR-squaredstatisticsistheBreusch-God廿eyLMteststatistic
anditsestimatedvalue(seeSerialCor.LMtest)isshowninTable3.Iftheteststatisticexceedsthecritical
value廿omtheChi-squaredstatisticaltables,thenullhypothesisofnoautoco汀elationcanbe呵ected・The
nullhypothesisofnoautocorrelationcannotbe呵ecledbyanyoftheestimatedARMAmodels,which
meansthatthemodelssatisfytheassumptionthatthecovariancebetweentheerrortennsovertimeiszero,
cov(gi,s/)=0/ori≠j、
TheestimatedARMAprocessesfbrEventDrivenandRelativeValueArbitrageexhibitstatistically
significantlargepositivevaluesofcoefficientsoftheAR(1)tennsandlargenegativevaluesofcoefficientsof
theMA(1)tenns.TheseestimatesindicatethatthereturnstothenondirectionalstrategiesofEventDriven
6)ThesimplesttestofdetectingautocoITelationistheDurbin-Watsontest,whichisatestfbrfirst-orderautocorrelation.
Therefbre,Durbin-Watsonstatisticscanverifythenullhypothesisofnoautocorrelationagainstthealternative
hypothesisof6rst-orderautocorrelation.Inaddition,theDWtestisnolongervalidiftherearelaggeddependent
variablesontheright-handsideofregressionsuchasARmodels.TheBreusch-GodfieyserialcoITelationLMtestis
amoregeneraltestfbrautocorrelation.Formoredetailedtechnicaldiscussionaboutdetectingautocorrelation,see
Brooks[2008],pp.143-150.
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Iable3:ARMAModeling
Indices EquityHedge EventDriven Macro/CTA
RelativeValue
Arbitrage
Model AR(1) ARMA(l,2) AR(1) ARMA(1,2)
Pαγα〃e/〃es〃〃α"o〃
〃 0.0051 0.0145 0.0039 0.0049
(0.0090） (0.0120） (0.0088) (0.0193)
ヘ
中， 0.1539*** 0.9731*** 0.1038*** 0.9818***
(0.0223） (0.0154) (0.0319) (0.0128)
へ
－
8， -0.8824*＊＊
－ -0.8442*＊＊
(0,0303） (0.0545)
へ
92
－ -0.0612** － -0.0846
(0,0267） (0.0522）
SIC 1.0194 0.3887 1.0400 0.1534
Djqg"oMccIIec〃"9
Autocorrelation:
八
ど
SerialCor.LMtest
0.0736 0.4824 1.1747 0.4735
Nonnalit
八
y:E
Jarque-Bera
4536.585**＊ 17401.09＊＊＊ 6330.741*** 246589**＊
ARCHeffect:
へ2
ど
ARCHLM(1)test
135.081*** 83.228*＊＊ 163.198*** 43.391***
ﾊﾉo/es:BasedondailycontinuouslycompoundedretumsfiomO4/01/2003toO8/11/2014;standarderrorsarepresented
inparenthesis;ThestatisticalsignificanceisdeterminedbyusingHACautocorrelation-heteroscedasticity-consistent
standarderrors(Newey-West);***,**,*denotesignificanceat99%,95%and90%confidencelevels,respectively.
andRelativeValueArbitragehavehighserialcorrelation.Themostlikelyexplanationisthattheindices
tothesehedgefimdstrategiesinvoIvelessliquidassets・Onthecontrary,thedirectionalstrategiessuchas
EquityHedgeandMacro/CTAexhibitrelativelylowserialcorrelation.
Tbgetafeelfbrthefitoftheresidualsinthemodels,theresidualgraphsaredePictedinFigure3・The
actualandfittedvaluesaredepictedontheupperportionofthegraph・Thelowerportiondepictsthe
differencebetweentheactualandfittedvalues,whichprovideslittlecontrolovertheprocessofproducing
fittedvalues.ItseemsobviousthattheresidualsoftheARMAmodelshavesystematicallychangingoverthe
sampleperiod,thatis,asignofheteroscedasticity.
InlineartimeseriesmodelstheerrorsEt,inotherwords,theunderlyingshocksareassumedtobe
uncorrelatedbutnotnecessarilytobeindependentlyidenticallydistributed(IID).7)
Et～〃DN(0,02)(16)
7)SeeCampbell,LoandMacKinlay{19971,p.468
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Figure3:ResidualGraphSofEstimatedMode1s
(a)EquityHedge:AR(1)(b)EventDriven:ARMA(1,Z)
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(d)RelativeValueArbitrage:ARMA(1,2)(c)MaCro/CTA:AR(1)
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whereEtisindependently,identicallyandnonnallydistributedwithazeromeanandaconstantvarianceoz.
Thewhitenoisetimeseriesprocessexhibitsnotrendsorclusterssincetheobservationsareindependenteach
other.
InnonlineartimeseriesmodelstheunderlyingshocksaretypicallyassumedtobellD・Befbreproceeding
tothenextstepfbrnonlinearmodelsthatissuffcienttodescribetheseimportantfeaturesofthedata,the
assumptiontobellDnonnalintheerrortennshouldbeexaminedtotheresiduals.Oneofthemostpopular
testsfbrnonnalityistheJarque-Beratest.AccordingtoJarque-Berateststatistics,anyhypothesisthatthe
residualsofallmodelsarenonnallydistributedcanbe呵ected.Infinancialmodeling,oneortwooutliers
causeareiectionofthenonnalityassumption.Outliersalsoappearinthetailsofthedistribution,which
entersintothevalueofkurutosistobelargeasshowninTablel.
Whitenoiseerrortermisassumedtobehomoscedastic.Theexpectedvalueofallerrorterms,when
squared,isthesameatanygivenpoint.Thisassumptioniscalledhomoscedasticity.Timeseriesdatain
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whichthevarianceofthee汀ortennsarenotequal,inwhichtheerrortermsmayreasonablybeexpectedto
belargerorsmallerfbrsomepoints,aresaidtobeheteroscedastic.Figure4depictsthesquaredresidualsof
theestimatedARMAmodels,inwhichtheerrorvariancesaretimevarying・Inaddition,thesquaredresiduals
areseriallyco汀elatedduetotheircorrelogramsandautocorrelationcoefficients.
TheheteroscedasticityspecificationisexaminedbytheARCH(autoregressiveconditional
heteroscedasticity)effectsintheresiduals.TheARCHLMtestinvestigateswhetherthemagnitudeof
residualsappearedtoberelatedtothemagnimdeofrecentresiduals・TbtestfbrfirstorderARCH,regressthe
squaredregressionresiduals
鐸=1'｡+1',",+"& (17)
where"tisarandomtenn.Thenullandalternativehypothesesare:
"0:yl=0
"1:yl≠O
IfthereareARCHeffects,themagnitudeof¥dependsonitslaggedvalues・Moregenerally,thenull
hypothesisisthatthereisnoARCHuptoorder9intheresiduals".Thetestcanbethoughtofasatestfbr
autocorrelationinthesquaredresiduals.TheARCHLMtestisimplementedtomakesurethatthisclassof
modelsisappropriatefbrthedataunderinvestigationbefbreestimatingaGARCH-typemodel.
TheoutputsofARCHLMtestsfbrARCH(1)effects,inwhichthenumberoflagstoincludeislare
indicatedinTable3・ThenullhypothesisthattherearenofirstorderARCHeffectscanbe呵ectedfbrall
indexremmssincetheLM-statisticsareverysignificant.ItsuggeststhatthepresenceofARCHeffectsinthe
squaredresidualsofthemodels.
4．GARCHModeling
So伽,IhavefbcusedonARMAmodelingfbrthepredictablepartofthereturnEMo叩.Afierdiagnostic
testingfbrresiduals,itisclearthattheresidualsEtarenotautocorrelated,buttheyarenotindependently,
identicallynonnallydistributedorvaryingovertime.
Inthecontextoftime-seriesanalysis,thedefinedunconditionalmomentsinsection3havereferredto
thelong-runmomentsoftheseries,thatis,theunconditionalmean,varianceandcovarianceatt→oo.In
additiontothelong-rumunconditionalmoments,theconditionalmomentscanbedefined.
Theexpectedpartsofthereturniswhatcanbepredictedusingtheknowledge廿omthepast,whichis
denotedbyQt_,theinfbnnationsetofallavailableinfbnnationuptoandincludingtime/-l.Thisexpected
partoftheretumisconditionalmeanE[7tlQt_,],whichisthemeanattime/conditionalontheinfbnnation
settakenbytheseriesinpreviousperiods.
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Figul･e4:Squaredresiduals
(a)EquityHedge:AR(1)(b)EventDriven:ARMA(1,2)????????
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7f=E{7tlQt_,]+Et (18)
whereE[･|･]denotestheconditionalexpectationoperator,andthustheconditionalmeanisE[7tlQt_,]=ll.
Thewhitenoiseerrortenncanalsobede6nedasitsconditionalmean,varianceandcovariance.
E[Et]=EIEtlQt_,]=0 (19)
E[E:]=EIEFIQt_,]="αγ(Et)=02 fbrallt （20）
E[EtEs]=coI'(Et,Es)=0Vs≠t.(21)
TheimportantpointtonotehereisthatthevarianceofEtisassumedtobebothunconditionallyand
conditionallyhomoscedastic-thatiS,E[ど訂=EIE;|"t_,]=ozfbrall/inequation(20).
Researchersortradersengagedinfbrecastingassetpriceshaveofienexperiencedthattheirabilityto
fbrecastassetpricesvaries,consequentlytheirreturnsvaryconsiderably廿omtimetotime.Foronetime
periodthefbrecasterrorsmightberelativelysmall,whiletheymightberelativelylargefbranotherperiod.
Thisvariabilitycouldverywelldependonvolatilityin伽ancialmarkets.
Thefbrecasterrorisconsideredas
h－E[7tlQt_,]=ft （2）
Fromthisviewpoint,itseemssensibletoexplainvolatilityasafilnctionoftheerrortennEt.Thiswould
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suggestthatvarianceoffbrecasterrorsisnotconstantbutvaries廿omtimetotime
Generalizedautoregressiveconditionalheteroscedastic(GARCH)Model
Nowlmovetorelaxtheassumptionofhomoscedasticity.Whentheerrortennsdonotallhavethesame
variance,theyaresaidtoexhibitheteroscedasticity,whichallowstheconditionalvarianceofEttovary
overtime,thatis,time-varyingvolatility(Figure5).TheestimatederrorStisthedifferencebetweenthe
observedandpredictedvalues,givenbyft=好一角.Itcanbeusedtoobtaintheestimatedconditional
varianceht・Theconditionalvariancecanestimatethevarianceofaseriesataparticularpointintime/.
E[E;|"t_,]､f=ﾉlt （23）
Equation(23)statesthatthenewinfbrmationset"attime/-/iscapturedbythemostrecentsquared
residual.Suchanupdatingruleisasimpledescriptionofadaptiveorleamingbehaviorandmightbe
expressedasakindofautocorrelationinthevarianceoffbrecasterrors.Tbcapmrethisserialcorrelationof
volatility,Engle,R.F.[1982]developedtheautoregressiveconditionalheteroscedaSticity(ARCH)model.8)
ThekeyideaoftheARCHmodelisthatthevarianceofEattime/,thatis,ﾉ't(=ぴ『)dependsonthesizeof
thesquarederrortennattheprevioustime/-I,thatis,ong2,.
ノ1t=o;=QI｡+cM,Ef, （24）
wheretheconditionalvariancedependsononlyonelaggedsquarederror.ThisiscalledanARCH(1)process.
Ingeneral,anARCH(9)modelthatincludeslagsg鼻,,…,ど長qhasaconditionalvariancefilnctionthatis
givenby
ノ1t=of=q｡+QI1E且1+CI2E長2…+"9E29 （25）
Ifthereisnoautocorrelationintheerrorvariance,thenullhypothesis,Ho:q,=q2=…=Qfq=0,indicates
thecaseofhomoscedasticerrorvariance.
OneoftheshortcomingsofanARCH(9)modelisthatthereare9+Iparameterstoestimate.Theaccuracy
ofmodelestimationmightbelostas9becomesalargenumber.Thissameissuewasinvestigatedinthe
discussionofparsimonyinARMAmodelinginsection3.
ThegeneralizedARCHmodel,orGARCH,isanaltemativemethodfbrcapturinglong-laggedeffectswith
fewerparameters.First,considerequation(25)andrewriteitas9)
ノ1t=of=qI｡+"1E21+61q1E良2+6fq1g23+... （26）
whereql,Qf2'…,qis=","-',cr,6f-',…,α,6f-'・Next,subtractandadd6,q｡inequation(26),
8)Engle[2001a]explainstheupdatingruleandanintuitionunderlyingtheARCHmodelbyusingahypothesized
numericalexample.
9)SeeGriffith,HillandLim[2008],p､372.
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Figure5:TimeVaryingVolatility
????????????? 》
Source:Alexander[2001],p.13
ノlt=CIO－β1"0+"1821+61"O+61Q'1g22+""1E23+...
＝(α0－β,cIo)+cY,どゑ,+6,(qO+q,E鼻2+61Q'1sf3+…）
Accordingtoequation(27),thevarianceofEattime/-lisexpressedas
ノlt-1=qO+CY1g良2+6,q,E長3+"",g且4+･･･
Then,equation(24)canberewrittenas
ht=(cYo－β,Qf｡)+cr,E2,+6,ﾉ1t-1
ノ't=of=(D+cM,E2,+6,ﾉ1t-1
where(A)=(cro－β,Q'0).ThisistheGARCH(1,1)model.ofistheconditionalvariance
TheGARCH(1,1)modelstatesthatthecurrentfttedvariance,/7,isintemretedas
(27）
(28）
(29）
rentfi rpretedasaweightedfimction
ofalong-tennaveragevalue(dependenton(,))andinfbnnationaboutvolatilityduringthepreviousperiod
(α,ど良,)andfittedvariancefiomthemodelduringthepreviousperiod(6,ﾉ1t_,).LargecoefficientcK,means
thatvolatilityreactsquiteintenselytomarketmovementsofthepreviousperiod(i.e.theARCHtermisa
reactioncoefficient).Largecoefficient6,indicatesthatshockstoconditionalvarianceinthepreviousperiod
arepersistentandtakealongtimetodieout,sovolatilityispersistent(i.e.theGARCHtermisapersistence
coefficient).IfQf,isrelativelyhighand6,isrelativelylowthenvolatilitytendtobemore@spiky'(large
reactionandlowpersistence).Thesumofq+6isreferredtoasthepersistenceoftheconditionalvariance
process.Thepositivityof/7,isensuredbytherestrictions:(A)>0.α≧O,andβ≧0．ThisGARCH(1,1)
modelisaspecialcaseofthemoregeneralGARCH(p,9)model,wherepisthenumberoflagged/itennsand
9isthenumberoflaggedg2tenns.ltisworthnotingthatGARCH(p,9)modelingoftheconditionalvariance
isanalogoustoARMA(p,9)modelingoftheconditionalmean.
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TheGJRmodel:asvmmetricGARCHmodel
Positiveandnegativenewsaretreatedasymmetricallyinthefinancialmarkets.Ithasbeenarguedthat
negativenewsaboutstockreturnsislikelytocausevolatilitytorisebymorethanpositivenewsofthe
samemagnimdes・Suchasymmetriesareofiencalledleverageeffects(Figure6).Thefirstvolatilitycluster
illustratesthatthereisturbulenceinthefinancialmarketfbllowinganunexpectedpieceofbadnewsandthe
secondoneindicatesanexpectedannouncementofgoodnews.
ThethresholdARCHmodel(i.e.TLARCH)isasimpleextensionofGARCHwithanadditionaltennadded
toaccountfbrpossibleasymmetries・TheTLGARCHmodelisalsoreferredtotheGJRmodel,namedaifer
theauthorsGIosten,JagannathanandRunkle[1993].IntheGJRversionofthemodel,thespecificationofthe
conditionalvarianceis:
ん＝の＋α,どえ↑+ydr_,どえ､+6,h,_,
d,-{; Et<0(bqd7'ews)Et≧0(good7'ews
(30)
(31)
whereyisknownastheasymmetryorleveragetenn・WhenYisO,theGJRmodelconvergestothestandard
GARCHfbnn.Ontheotherhand,whentheshockispositive(i.e.goodnews)theeffectonvolatilityisq,
butwhenthenewsisnegative(i.e.badnews)theeffectonvolatilityisQf,+YThus,solongasYissignificant
andpositive,negativeshockshavealargereffectonルrthanpositiveshocks.
TheARMA-GARCH&GJRresultsaregiveninThble4・Themeanequationsusedherearespecifiedby
ARMAmodelinginSection3.Themainoutputofparameterestimationisdividedintotwoparts:themean
equationintheupperpartandthevarianceequationinthelowerpart.Theconditionalmeanequationis
specifiedinanARMA(p,9)model,whosefimctionconsistsofthefbllowingtenns:
･aconstanttenn:ll
･autoregressive(AR)tenns:0"
･movingaverage(MA)tenns:09.
TheconditionalvarianceequationisspecifiedinanGARCH(1,1)model,whosefilnctionconsistsofthethree
tenns：
・aconstanttenn：の
･theARCHtenn:q,
whichmeansareactioncoeificienttonewsaboutvolatility廿omthepreviousperiod,measuredasthelagof
thesquaredresidualfiomthemeanequation:ど長,．
･theGARCHtenn:6,
whichmeansapersistencecoefficienttolastperiod'sfbrecastvariance:ぴ長1==ﾉlt-1.
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Figure6:LeverageEffects
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Source:Alexander[2001],p.13
Engle[2001a]interpretsthisspecificationasanupdatingruleofadaptiveorlearningbehaviorofanagent
ortraderinafinancialcontext・Thetraderpredictsthisperiod'svarianceルィbyfbnningaweightedaverage
ofalongtennaverage(theconstant,(A)),thefbrecastvariancefromlastperiod(theGARCHtenn,6,)and
infbnnationaboutvolatilityobservedinthepreviousperiod(theARCHtenn,q,).Thetradermustestimate
の，α,6;updatingsimplyrequiresknowingthepreviousfbrecast/lt_,andresidualEt_,.Theweightsof
theupdatingruleare(1－α,-6,,q,,6,).Undertherestrictionthattheweightsarepositive,requiring
Qf,>0,6,>0,(I)>0,thisonlyworksifQf,+6,<1.Iftheassetreturnobservedtodaywasunexpectedly
highlyvolatile,thenthetraderwillincreasetheestimateofthevariancefbrthenextperiod・Theconditional
varianceequationisconsistentwiththephenomenaofthevolatilityclustering,thatis,theamplitudeofthe
returnvarlesovertllne
Thble4showsthattheparameterrestrictionsarefillfilledfbrallhedgefilndindices.Thecoefficients
onboththelaggedsquaredresidualandlaggedconditionalvariancetermsintheconditionalvariance
equationarehighlystatisticallysigni6cantfbrallhedgefilndindexreturns.Thepersistenceofthevolatility
ismeasuredasthesumofaandl.Theresultsindicatethatthevolatilityofhedgefilndreturnsisquite
persistent.Especially,thesumofaandlfbrMacro/CTAandRelativeValueArbitrageisveryclosetounity
(approximatelyO.99).Thisimpliesthatshockstotheconditionalvariancewillbehighlypersistentanda
largepositiveandalargenegativeretumwillleadfilturefbrecastsofthevariancetobehighfbrasubsequent
period.Avolatilityofhalflife(i.e.thehalflifeperiod:HLP)takes22.757daysfbrtheEquityHedgeand
29.921daysfbrtheEventDriven,wherebytheHLPof69.668andl47.l31daysfbrMacro/CTAandRelative
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Inble4:ARMA-GARCH&GJRModeling
Notes:Basedondaily,-continuouslycompoundedreturnsfbr28640bservationsO4/01/2003toO8/11/2014;standarderrors
arepresentedinparenthesis;ThestatisticalsignificanceisdetenninedbyusingBollerslev-Wooldridgerobuststandard
elTors;***,**,*denotesignificanceat99%,95%and90%confidencelevels.
ValueArbitragearemuchhigher.'0)Therefbre,theretumvolatilitiesoffburhedgefimdindiceshavequite
longmemories.Inaddition,thesumofaand'issigni6cantlylessthanone,whichimpliesthevolatility
processdoesretumtoitsmean(EngleandPatton[2001],p.16),so-calledmeanrevertingbehavior.
TheARCHLM(1)testdetennineswhetherthereareanyremainingARCHeffectsintheresiduals.The
10)FUss,KaiserandAdams[2006]computethelengthuntilhalfofthevolatility(i.e.thehalflifeperiod:HLP)as
へ
HLP=log(0.5)/log("+6).
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ARMA-GARCH(1,1)modelin9 ARMA-GJR(1,1)modeling
Equity
Hedge
Event
Drive、
Macro/CTA
Relative
Value
Arbitrage
Equity
Hedge
Event
Drive、
Macro/CT)ヘ
Relative
Value
Arbitrage
AR(1) ARMA(1,2) AR(1) ARMA(1,2) AR(1) ARMA(1,2) AR(1) ARMA(1,2)
Meanequa
似
へ ????〈?《?
0.0288**＊
(0.0071)
0.1791＊＊＊
(0.0198)
0.0319**＊
(0.0055）
0.3063
(0.2503）
-0.2034
(0.2510)
0.0390
(0.0366）
-0.0007
(0.0067)
0.0699*＊＊
(0.0209）
－
0.0239*＊＊
(0.0058)
0.9574*＊＊
(0.0131)
-0.9009*＊＊
(0.0249）
-0.0107
(0.0221）
0．0162
(0.0076）
0.1878*＊＊
(0.0197)
0.0275*＊＊
(0.0054）
0.3809＊
(0.2210）
-0.2745
(0.2219)
0.0337
(0.0351)
0.0051
(0.0064）
0.0551＊＊＊
(0.0200）
0.0156＊
(0.0081)
0.9715*＊＊
(0.0106)
-0.9109*＊＊
(0.0246）
-0.0080
(0.0224）
Varianceequation
へ
〔几）
1
へ
a
へ
γ
へ
1β
〈??《??
〈??
〈?
HLP
0.0“5*＊＊
(0.0010)
0.1080**＊
(0.0187)
0.8620**＊
(0.0183)
0.9700
22.757
0．0018*＊＊
(0.0004）
0.0998*＊＊
(0.0160）
0.8773*＊＊
(0.0151)
0.9771
29.921
0.0020*＊＊
(0.0005）
0.0851＊＊＊
(0.0112)
－
?
0.9051＊＊＊
(0.0122)
0.9901
69.668
0.0006*＊＊
(0.0002)
0.1241＊＊＊
(0.0224）
0.8712**＊
(0.0187)
0.9953
147．131
0.0077*＊＊
(0.0014)
0.()119
(0｡0193)
0.1723*＊＊
(0.0284）
0.1842
0.8392＊＊＊
(0.0182）
0.0027*＊＊
(0.0()06)
0.0448*＊＊
(0.0168)
0.0925＊＊＊
(0.0263）
0.1373
0.8668*＊＊
(0.0162)
0.0011＊＊
(0.0005)
0.0961＊＊＊
(0.0147)
-0.0666**＊
(0.0160）
0.0295
0.9344*＊＊
(0.0123）
0.0006*＊＊
(0.0002）
0.0737*＊＊
(0.0263）
0.0861＊＊
(0.0421)
0.1598
0.8778*＊＊
(0.0153)
SIC
LogL
ARCHeffbct：
ARCHLM(1)test
0.7472
－1“9.69
1.9547
0.0422
-32.5273
942
0.7750
-1089.5
0.0003
-0.5957
880.6709
0．4168
0.7266
-1016.22
3.9839*＊
0.0367
-20.6415
1.1978
0.7672
-1074.31
2.3625
-0.6023
894.0463
1.4231
StandarizedResiduals：
Mean
Std､Dev．
Skewness
Kurtosis
Jarque-Bera
-0.0429
0.”85
-0.4978
4.8586
530.33＊＊＊
-0.0271
0.9993
-0.4286
5.1456
636.844**＊
0.0178
0.9996
-0.5018
6.5193
1597.628*＊＊
-0.0275
0.9990
-0.1246
5.8927
1005．583＊＊＊
-0．0126
0.9995
-0.4515
4.9037
529.625＊＊＊
-0.0105
0.9998
-0.4309
5.2338
683.873*＊＊
0.0000
0.9997
-0.4624
5.8252
1054.157**＊
-0.0051
0.9993
-0.0361
6．1179
1160.280*＊＊
Ljung-BoxstatisticHo.．"o-α"roco"r/α"o〃
????
Q(12)
Q(12)
6.968
19.385*＊
20.180*＊
16.435＊
3.754
3.118
12．672
16.047＊
7.144
15.456
19.107*＊
16．182*＊
4.0“
11．550
8.516
14.330
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Figure7:TheStandardizedResidualsoftheGARCHEstimation
AgainsttheOO-PlotoftheNormalDistribution
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nullhypothesisisthatnoARCHeffectintheresidualsisnot呵ectedfbrallhedgefilndindicesinARMA-
GARCH(l,1)modeling.TheARCH-LM(1)testsconfirmthenullhypothesisofnofirstorderARCHeffects
inthesquaredresidualsofthemodelsfbrfburhedgefmdindexreturn-series.Thisresultmeansthatthe
ARMA-GARCHmodelingtakestheheteroscedasticityandthechangingunconditionalandconditional
varianceintheremm-seriesintoaccount.Finally,theJarque-BerrastatisticsofARMA-GARCHestimation
suggeststhatskewnessandkurotosisinthestandardizedresidualsarereducedfiomtheonesofARMA
estimation(Table3)butnotcompletelyeliminated.
Onewayoffilrthertestingthedistributionoftheresidualsistoplotthequantiles.Iftheresidualsare
nonnallydistributed,thepointsintheQQ-plotsshouldliealongsideastraightline.Figure7displaysthe
QQ-plotsfbrfburindexreturnsoftheARMA-GARCHmodeling.TheplotsindicatethatEquityHedge
andMacro/CTAareprimarilylargenegativeshocksthataredrivingthedeparturefiomnonnalityandEvent
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Figure8:TheStandardizedReSidUalS0ftheGJREStimati0n
AgainsttheQQ-PlotoftheStudent-tDistribution
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DrivenandRelativeValueArbitrageareprimarilylargenegativeshocksandarealsorelativelypositive
shocksthataredrivingthedeparture廿omnonnality.
Next,anexaminationofasymmetriceffectsontheconditionalvarianceisconductedthroughassessment
ofARMA-GJRmodeling・Thecoe価Cie､taimpliesanimpactofgoodnews,whilethesumofthea＋↑
impliesanimpactofbadnews・ThecoeHicient7廿omTable4ispositivefbrEquityHedge,EventDriven,
andRelativeValueArbitrage,andstatisticallysignificant・ThereisthelargestleverageeffectfbrEquity
HedgesincetheCoefficient↑is0．1723．However,thecoefficient7isnegativefbrMacro/CTA,provided
thata＋7is0.0295三0.ThespecificationoftheGJRmodelisstilladmissible.Allhedgefilndindex
retumseriesseemtoprefertheGJRmodeltotheGARCHmodelsinceallvaluesofSICdecreaseand
onesofloglikelihoodfUnctionincreaseintheARMA-GJR(1,1)modelingけomtheARMA-GARCH(1,1)
modeling.Finally,thestandardizedresidualsareindependentlyidenticallydistributediftheselectedmodel
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isthetruemodel.ItcanbecheckedbytheLjung-Boxstatistics,LB-Q(12)fbrtestingondependenciesof
thestandardizedresidualsandthestandardizedresidualssquared.ForEquityHedge,Macro/CTA,and
RelativeValueArbitrageno-dependenciesofthestandardizedresidualsareconfinnedandthestandardized
residualsaresquared.OnlyfbrEventDriventhenullhypothesisofno-autocorrelations呵ected.Finally,it
isimportanttonotethatthedescriptivestatisticsofthestandardizedresidualsfbrallhedgefimdindexremms
exhibitnegativeskewnessandleptokurtosis(i.e.excesskurtosis),whichmeansthatthedistributionsofthe
standardizedresidualsarefattaileddistributions.Tbmodelthethicktailintheresiduals,thestandardized
residualsareassumedtofbllowaStudent-tdistribution.Figure8illustratesthatthelargenegativeand
positiveresidualsmorecloselyfbllowastraightlinethanthoseofFigure7.Theresidualdistributionswere
closetoStudent-tdistributions,thatis,thefat-taileddistributions.
5．ConcludingRemarks
Inthispaper,thelinearARMAtypemodelsandthenon-linearvolatilitymodelssuchasGARCH(1,1)and
GJR(l,l)fbrfburprimaryhedgefUndstrategieswereestimatedandcomparedwitheachother.Through
theARMAmodeling,theestimatedARMAprocessesfbrtheretumstothenon-directionalstrategiessuch
asEventDrivenandRelativeValueArbitrageexhibitarehighlyseriallycorrelated,ontheotherhand,the
directionalstrategiessuchasEquityHedgeandMacro/CTAshowrelativelylowserialcorrelation.
Theretumseriesoffburhedgefilndindicesdepictvolatilityclustering,thatis,timevaryingvolatility.Tb
capturetheautoregressiveconditionalheteroscedasticity,theGARCHstrucmrefbrhedgefilndindexreturns,
inadditiontotheARMAstructure,arespecified.TheexaminationoftheARMA-GARCHmodelingofhedge
fimdstrategyremmsshowstheasymmetriceffecttovolatility,andthus,theGJRmodelsareselectedalthough
theirconditionalvolatilitiesshowssignificantdifYerencesinpersistenceandthedirectionofasymmetry.
Finally,itisworthnotingthatthedistributionsofthestandardizedresidualsfbrallhedgefilndstrategies
revealleptokurtosisandtheresidualsagainstthequantilesoftheSmdent-tdistributionmorecloselyfbllowa
straightlinethanthoseofthenonnaldistribution・VOlatilitymodels,suchastheGARCHtypeapproachare
oftenappliedtoValueatRisk.InthecaseofVaRmeasurementincludingtime-varyingconditionalvolatility,
itisimportanttorecognizethattheresidualsdistributionfbllowsthefattertaileddistributionthanthenonnal
onefbrdownsideriskevaluation.
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